We proposed a set of new spatial scan methods for detecting spatial clusters of disease infection that use movement data from case and control individuals, rather than a single location per individual, in order to identify areas with a high relative risk of infection. We illustrate the use of these methods to detect spatial clusters of dengue infection risk using geo-located data from Twitter classified into infected cases and non-infected controls.
INTRODUCTION
Standard methods for spatial cluster detection, such as spatial and subset scan statistics [1, 2] , locate each individual case by home address and monitor the number of cases in each possible area over time. Depending on the scenario, this approach may or may not extract enough relevant spatial information to enable effective disease surveillance. Determinants of cancer risk may vary on a coarse-grained spatial and temporal scale, and thus the residence address may be sufficient for detection. However, a similar approach may be inadequate for infectious diseases. For instance, human mobility plays a key role in mosquito-borne disease transmission such as dengue, yellow fever, and Zika [5] , since people may be exposed to disease in any of the places where they spend their time. Therefore, identifying high-risk areas for such diseases requires richer geographical information than simply a single location per individual. Relying solely on residential address as a proxy for the place of infection in such cases ignores a multitude of exposures that individuals are subjected to during daily events.
The increasing availability of geolocated data in online platforms such as offers a unique opportunity: in addition to identifying diseased individuals based on the textual content, we can also follow Permission to make digital or hard copies of part or all of this work for personal or classroom use is granted without fee provided that copies are not made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. Copyrights for third-party components of this work must be honored. For all other uses, contact the owner/author(s). SIGSPATIAL '19, November 5-8, 2019, Chicago, IL, USA © 2019 Copyright held by the owner/author(s). ACM ISBN 978-1-4503-6909-1/19/11. https://doi.org/10.1145/3347146.3363465 them in time and space as they move on the map and model their movement patterns. Comparing the observed mobility patterns for case and control individuals can provide relevant information to detect localized regions with higher risk of dengue infection. Incorporating the mobility of individuals into risk modeling requires the development of new spatial models that can cope with this type of data in a principled way and efficient algorithms to deal with the ever-growing amount of data. We propose new spatial scan models and exploit geo-located social media data to detect geographic clusters of disease infection risk.
PROBLEM AND MODELS
We use Figure 1 to explain the problem. Each individual is indexed by an integer i and has a set of n i spatial positions. These positions may come, for instance, from lat-long coordinates of geo-located tweets. Individuals are additionally labeled by two colors according to their status: cases (in red) or controls (in blue). We identify "infected" individuals (cases) as those individuals who have at least one tweet classified as a current, personal experience with the disease dengue. We note that, because of the incubation period of some infectious diseases, infected Twitter users are likely to mention the disease in their tweets days after they are infected, and usually not at the location where the exposure (mosquito bite) occurred. The positions marked with a hatched shadow are the ones which helped to identify the case individuals, for instance, when they mention specific disease-related keywords in that tweet. 1 also shows a spatial region Z where the risk of becoming a case given that an individual travels in that zone might be higher than in the rest of the region. Our main objective is to search for spatial clusters where the infection risk is significantly higher than elsewhere. A key challenge is that the number of positions n i composing each mobility pattern can vary substantially between individuals i. Thus, simple approaches like counting the total numbers of case and control tweets per location would be biased and inaccurate; moreover, individuals with larger numbers of positions may be more likely to be identified as a case, since we have more information about them. Nevertheless, our assumption is that the entire mobility patterns will be informative of the riskier areas if we properly compare the spatial patterns from case and control individuals. The problem is to find appropriate ways to make this pattern comparison. The multiple locations associated with each individual, rather than the usual single location (such as their place of residence), lead us to propose several different models. Next, We briefly describe two of them.
We have developed two new spatial scan methods: the Unconditional Spatial Logistic Model and the Conditional Spatial Logistic Model. Both models correctly account for the multiple, varying number of spatial locations per individual and use the proportion of an individual's tweets in each location as an estimate of the proportion of time spent in that location. This estimate is biased by individuals' propensity to tweet in different locations, but is expected to capture the large amounts of time spent at frequently visited locations. Our unconditional model controls the variable contribution of each individual through a non-parametric estimation of the odds of being a case and has a semi-parametric logistic specification. When estimating the previous offset becomes a complex task, we propose a case-control matching strategy in the conditional model to control for the number of tweets n i . Based on the subset scan approach [2] , we search for localized regions where the infection risk is substantially higher than in the rest of the map by maximizing a log-likelihood ratio statistic over subsets of the data.
CASE STUDY: DENGUE IN BRAZIL
In this case study, we are interested in searching for spatial clusters associated to high risk of infection by Dengue. Traditional systems for dengue surveillance place the case individuals at their home locations. Though easy to obtain, residential addresses are often a poor indicator of the regions where people and infected mosquitoes tend to interact more. These infection places are very hard to identify since the required information to do so is scarcely available or infeasible to obtain. For example, we would wish to (but do not) know data such as the infection rate in each area, infected mosquito population, and biting rates at each potential location. That is where we expect our methodology and algorithms to be most useful, revealing potential high-risk areas which could then be validated by public health.
Our geolocated data were collected through the Twitter Streaming API 1 , collected during the year of 2015. From a large number of analysis based on Brazilian municipalities, we selected the results from Sorocaba city, located in the Southeast region of Brazil, to illustrate our methods. The city was selected because it was highly affected by the 2015 dengue outbreak in Brazil, reporting <400 dengue cases in 2014 and >55,000 cases in 2015. 2 . We identify "infected" individuals (cases) as those individuals who have at least one tweet classified as a current, personal experience with dengue. This classification was made through NLP techniques applied to textual content of the tweets, following [3, 4] . The control individuals are composed of the remaining users. To run our models, we create the mobility patterns of each individual by retrieving the positions of all messages they issued in the period of analysis and followed the setup from [4] .
The Unconditional Spatial Logistic Model (USLM) detected 9 significant regions at α = 0.05, while the Conditional Spatial Logistic Model identified one cluster that was significant at α = 0.1 but not α = 0.05; such regions may also be worth monitoring depending on available public health resources. Table 1 shows numerical details for the Top-3 regions found by USLM. The most difficult part of searching for places with increased risk of infection by dengue (and other vector-borne diseases) is that dengue is just one of many infectious diseases with a well-known etiology but a huge number of uncertain and difficult to obtain parameters that quantify factors such as infected mosquito population, likelihood of being bitten by an infected mosquito, and human movement in the mosquito-infested areas. Therefore, we take a closer look at the regions detected by USLM and shown in Figure 2 . A detailed inspection of each region revealed that only a small portion of the detected regions were located in areas that are mainly residential; several non residential places were detected, such as a hospital, college campus, airport, and parks. Standard surveillance systems using only the residence address would not have been able to detect such regions, showing the potential for our approach to add to public health understanding of dengue risk.
